This paper discusses the evolution of firms' productivity and structural heterogeneity (SH) in the Brazilian manufacturing industry in the 2000s. SH is defined (following the Latin American structuralist tradition) as a situation in which a large share of total firms is in the lowest productivity groups of the production structure, and there are very large differences in labour productivity between groups and firms. The paper combines and makes compatible several databases on manufacturing production, innovation and microsocial data for Brazil, in order to measure productivity and SH, to analyze its evolution between 2000 and 2008, and to discuss its determinants. Econometric analyses (k-means cluster methodology to identify productivity groups, and ordered probit models to analyse the determinants of SH) show that increasing returns in innovation and learning prevailed in the 2000s, while policies failed to encourage the catching up process by laggard firms. As a result, SH did not fall in the Brazilian manufacturing sector.
Introduction
The acceleration of productivity growth and its diffusion to the whole economy is central to the process of development. Developing economies generally comprise a few enclaves of very high productivity, while most firms and employment remains in sectors or activities of very low productivity. To deal with this specific feature of developing economies, the concept of structural heterogeneity (SH) was originally formulated by authors related to the Economic Commission for Latin America and the Caribbean (ECLAC), in the context of the centre-periphery theory 1 (see Pinto, 1970 Pinto, , 1976 Sunkel, 1978; Rodríguez, 2007; Infante and Sunkel, 2009 ). These authors argue that barriers to the diffusion of technology exist not only at the international level, but also at the domestic level. Technology diffuses very slowly within developing economies (periphery) and as a result the share of total firms and employment in low-productivity sectors remains very high, while differences in productivity between firms (in the same or in different sectors) do not fall. ECLAC designated this feature of the production structure of the periphery as "structural heterogeneity" (SH). Clearly, productivity differences are inherent to capitalist competition and constantly emerge out of different rates of technical change across sectors and firms (Dosi et al, 2010) . The very objective of the competition process is to create asymmetries and oligopoly profits. However, asymmetries tend to be more acute and persistent in peripheral countries, where technical progress is concentrated in few sectors and within them, in a few firms, contributing to heighten inequality-a striking feature of the Latin American countries in general and of Brazil in particular (ECLAC, 2010 (ECLAC, , 2012 Cimoli and Rovira, 2010) 2 .
1 The seminal work on centre-periphery theory is Prebisch (1950; 1952) . This theory points out that there are significant asymmetries in technological capabilities across countries that explain why economic structures are so different and how they affect long run growth and divergence. There is a group of countries-the centre-whose economy is diversified and close to the technological frontier. Within this group, forward and backward linkages are strong, while the catching up process with the technological leader occurs rapidly. Inversely, in another group of countries-the periphery-the diffusion of technology is slow and irregular, giving rise to an economic structure highly specialized in few low-tech commodities.
Development consists to a large extent in reducing SH by moving firms and workers from low-productivity sectors / activities to high-productivity sectors / activities (Cimoli and Porcile, 2011; McMillan and Rodrik, 2011) . The focus of this paper is on the migration of firms in the Brazilian manufacturing industry from low-productivity groups to higher-productivity groups, and on the variables that explain the probability of such a migration. We first identify groups or strata of firms in which productivity is markedly different using a cluster k-means methodology. SH is measured through the share of total firms in the lowest productivity groups and the productivity gap between groups. We then discuss whether SH is a persistent phenomenon or decreases through time. Subsequently, using an ordered probit model, we analyze the determinants of the probability with which firms migrate from low productivity groups towards high productivity groups, or remain trapped in low productivity groups. The influence of a set of explanatory variables on this probability is tested. To perform these tests, we combine microdata from different sources on the Brazilian manufacturing industry, namely the Annual Industrial Survey (PIA), the Survey on Technological Innovation (PINTEC), and the Annual Social Information Report (RAIS). These databases, which comprise data collected at the firmlevel, are for the first time combined to study the evolution of productivity and SH.
The paper is in four sections besides this introduction and the concluding remarks.
Section 2 discusses the concept of SH and its relation with technological and structural change, providing the analytical framework for the empirical sections. It also briefly presents the methodology of analysis. Section 3 presents the evolution of SH and discusses the results of the ordered probit model as regards the determinants of firms' migration between groups.
Structural Heterogeneity

Structural heterogeneity and technical change
The concept of structural heterogeneity describes a specific feature of the production structure of the developing economies (periphery) in contrast to taht of the developed labor income makes more challenging the redistributive process, particularly in economies in which political power is by large in the hands of the richest.
economies (centre). The economic structure of the centre is diversified and homogeneous: diversified because there is a wide range of strongly interrelated sectors, and homogeneous because differences in labour productivity across firms and sectors are relatively small. On the other hand, the production structure of the periphery is specialized in few sectors (mostly based on natural resources or cheap labour) and heterogeneous, since differences in labour productivity tend to be higher than in the centre (ECLAC, 2010) . These asymmetries are related to differences in the diffusion of technical progress and the capital intensity of production, as well as to the existence of a large surplus of labour in the subsistence sector of the developing economy (Furtado, 1969 (Furtado, , 1972 . holds the lowest productivity level. The economic structure of the centre is more diversified and hence the total number of sectors is greater than in the periphery (N C > N P ). Since each number corresponds to a sector in a ranking of decreasing productivity, they do not necessarily represent the same sector in centre and the periphery. The N = 1 sector in the periphery (highest productivity) is most likely to be intensive in natural resources, whereas in the centre the sector N = 1 is most likely to be intensive in technology or capital. Labor productivity (π) appears on the y-axis, whose value at the point of origin is π *-which is the labor productivity of the subsistence sector in the periphery. For simplicity it is assumed that in the centre the productivity curve declines at a constant rate as it moves smoothly from one sector to another, and there are no "steps" within the modern sector.
On the contrary, in the periphery productivity falls with a very steep gradient and there are marked steps between sectors.
The process of economic development requires transforming the productivity curve so as to reduce its slope, eliminate steps and draw the labour surplus out of the subsistence sector. This in turn implies fostering the migration of firms from low-productivity activities to higher productivity activities. To understand the forces leading to the upgrading in productivity and the production structure, it is necessary to briefly recall the Technological capabilities are the basis for sustaining competitiveness and growth. At least since the beginning of 1970s, it has been recognized that catching up economies relies on mastering, adapting and improving the advanced technology of the countries on the technological frontier (Katz, 1987; Dosi et al, 1990) . But this is a complex task, as innovation and diffusion of technology are characterized by rigidities and pathdependency. There exists "stickiness in capabilities", meaning that the technological and production systems do not respond in a flexible way to changes in market signals. A first approach to this problem is the classical argument by Atkinson and Stiglitz (1969) suggesting that the isoquants should be seen as "points" in the plane, and that learning is strongly localized around existing technologies-in other words, firms produce new knowledge just within a small interval of feasible technologies concentrated in the vicinity of the technology they are actually using.
Since the mid-seventies, the Schumpeterian evolutionary literature has provided strong theoretical and empirical basis to the idea that the expansion or contraction of the productive and technological capabilities is not a linear, reversible process (Dosi, 1988; Cimoli and Dosi, 1995; Cimoli and Porcile, 2009 (Freeman, 1995; Metcalfe, 2001 ). The role of human capital has also been emphasized in the endogenous growth models (Grossman and Helpman, 1991, Aghion and Howitt, 1997) ,
where the number of researchers undertaking R&D plays a central role in explaining productivity increases in the firm.
The combination of these forces in the dynamics of learning suggests strong cumulativeness, which implies that-in a context of high initial technological asymmetries-countries and firms that are closer to the technological frontier will increase their advantage with respect to the laggards. The endogenous forces of learning (path dependence and increasing returns) reproduce and amplify technological leads and lags-what can be seen as the microdynamics that supports the macrodynamics of divergence of the centre-periphery theory. In order to avoid the rapid concentration of the market in few firms and the persistence of an enclave structure, the role of industrial policy and public support for catching up is crucial (Freeman, 1995; Metcalf, 2001) .
Policies aimed at the construction of an institutional framework conducive to technological diffusion and catching up may allow the laggards to learn before being ousted of the market. The need of policies to reduce SH is higher when the forces of increasing returns are stronger.
Measuring structural heterogeneity: questions and methodology
From an empirical point of view, three questions arise. The first question is how many productivity groups exist in the industry. In other words, it is necessary to determine the slope of the productivity curve, the size of the productivity steps (as illustrated in Figure   1 ), and the share of total firms in the lowest productivity group. This amounts to an indicator of SH. The second question is how the productivity curve evolves in time and which variables determine this evolution. The third question is related to the role of public policy in reducing SH, i.e., whether this policy may play an effective role in reducing the skewness of the distribution of firms' productivity.
To respond these questions, we firstly identify groups or strata of different levels of labour productivity following a statistical procedure, namely the cluster-k means methodology (subsection 3.1; see also Appendix 1). Secondly, the probability that a firm migrates between groups or strata is tested in a model comprising the various explanatory The cluster analysis permits to form homogeneous groups within a population of heterogeneous components, based on univariate or multivariate data. An optimal number of groups is formed out of the total sample of Brazilian manufacturing firms. The variables considered in the analysis are average productivity, the standard deviation of productivity and the number of firms that belong to each group. Their evolution in time,
particularly the migration of firms between groups, is also taken into account.
After the identification of the optimal number of productivity groups, the effects of a set of explanatory variables on the probability that a firm migrates to a group of higher productivity level are estimated. The explanatory variables are those discussed in the previous section: increasing returns (both static and dynamic); disembodied technical change (learning by doing and learning by exporting); firms' initial capabilities and efforts at innovation or imitation of technology; and policies that encourages technological diffusion across firms. Subsequently, a similar exercise is performed considering the sector to which the firm belongs (since there are sector-specific factors affecting the dynamics of innovation and diffusion between heterogeneous firms).
SH in the Brazilian manufacturing industry: an empirical study
Grouping of firms.
SH is defined by two dimensions, the percentage of total firms in low productivity groups, and the productivity gap (the "size of the step") that exists between firms belonging to different productivity groups. This section discusses the evolution of these dimensions between 2000 and 2008. It is shown that SH did not decline in this period, since there was an increase in both the share of firms in the low productivity groups and in the productivity gap.
The k-cluster methodology indicates that firms in the Brazilian manufacturing industry can be optimally grouped into five categories. Table 1 The analysis of average productivity per group leads to a similar conclusion. Firstly, comparing the results for the first year (2000) with those of the intermediate year (2004), there is a decline of labour productivity in groups 1 and 2; stagnation in the average level of productivity in group 3; and a marked increase in productivity in the groups of higher productivity (4 and 5). Secondly, comparing the first year (2000) with the last year In sum, the low productivity group did not reduce their share, while the productivity gap tended to increase. There was a process of polarization, suggesting that the forces of divergence tended to prevail in the period under analysis. 
An ordered probit model: the critical role of initial capabilities and dynamic increasing returns
From the analysis of section I we expect that a firm is more likely to stay or migrate towards a higher productivity group when invests more in physical and human capital;
counts on a larger experience in production and innovation; has a larger scale of production; benefits from technological spillovers stemming from trade and imports of capital goods; and relies on a set of institutions and policies that foster technological diffusion. These are key determinants of innovation and technological diffusion that will be tested in the probit model of section 4. All these forces boost polarization-and are compatible with the persistence of SH, as mentioned. They might be compensated by active public policies aimed at facilitating technological diffusion and catching up by laggards and smaller firms.
In the probit model, the dependent variable corresponds to the five groups of firms ranked from 1 to 5 in terms of (increasing) productivity, described in the previous The results of the econometric exercise with the oredered probit model are presented in Table 2 : the marginal effect of the whole sample is in the first column, and the marginal effects for each of the productivity groups are in the next five columns. Marginal probabilities are calculated based on the average firm of the sample, which implies that the explanatory variable takes the average value of the group. The main results presented in Table 2 can be summarized as follows.
Firstly, economies of scale, measured by the firm's share in the sector total revenue (share income), raise the probability of migration towards a group with higher productivity. The negative marginal effect in the first three groups means that a 1% increase in the revenue share variable is associated with a decrease in the probability of remaining in groups 1, 2 and 3 (of 15%, 39% and 33% respectively). The marginal effect becomes positive in clusters with higher productivity, where a rise in 1% in the share in revenue leads to an increase of about 51% (cluster 4) and 36% (cluster 5) in the probability of remaining in the same group. The effects of economies of scale are thus weaker in the lowest productivity group. A similar effect can be observed when the number of employees is used as a proxy for economies of scale, although the coefficients in this case are lower than those of the share in the sector revenue.
Secondly, the variables associated with innovation efforts (innovation and in_wf)
heighten the probability that a firm moves to a higher productivity group, or remain in such a group. Firms that introduce new products in the market are 2 %, 5 % and 4 % less likely to remain in group 1, group 2 and group 3, respectively. Inversely, firms that innovate are 6.6 % and 5 % more likely to remain in groups 4 and 5, respectively. In addition, firms which have a more educated workforce (study time) also tend to move to higher-productivity groups.
Thirdly, indicators of cumulative learning -length of employment in the firm and workers' years of experience-are strongly associated with a higher probability of belonging to groups 4 and 5.
Fourthly, learning by exporting is positively related to the probability of either moving towards a group of higher productivity or remaining in a high productivity group (for those firms in groups 4 and 5) 4 .
Finally, government support has a positive effect on the probability of belonging to the upper productivity strata (groups 4 and 5). This variable increases by 1.7% the probability of remaining in the group of medium-high productivity and by 1.2% the probability of remaining in the group of high productivity. In addition, government support reduces the probability of remaining in a low-productivity group (and therefore encourages the upgrading of the firm towards a higher productivity group). It cannot be deduced from these results that public support reduces SH, since it improves the competitive position of firms located in both the low productivity groups and in the high productivity groups. In other words, it does not discriminate in favour of firms that have lost ground in the productivity race. Public financing, on the other hand, has a negative influence on the probability of moving towards groups with higher productivity levels.
This result contradicts what it was expected. Firms with lower productivity tend to be smaller and less competitive, lacking the resources required for investing in technological change. They should therefore respond positively to public financing, raising innovation efforts and productivity. Although it is not clear why the response of productivity to public finance is negative, a possible explanation is that causality may run in the opposite direction, i.e., public funds keep alive firms that are in trouble and this is why their productivity levels are lower than in other firms.
In sum, all variables are significant and show the expected signs (except public financing), confirming the importance of the interaction between capabilities, leartning efforts and increasing returns in the evolution of firms' productivity and SH.
3.3.Results of the probit model: industries by technological intensity
Not all sectors offer the same opportunities in terms of innovation and learning.
Technology-intensive sectors define more dynamic trajectories for productivity growth.
A second ordered probit model was tested in order to take into account sector-specific effects in the behaviour of productivity. As in the previous model, the dependent variable is defined by the groups of firms formed on the basis of labour productivity. But these groups are now not formed with all the firms in the sample, but separated in four categories defined by their technological intensity: sectors with low, medium, mediumhigh and high technological intensity. The technological intensity of the sectors is defined in accordance with the OECD classification. Table 3 shows the codes of the different sectors at a 3-digit level of CNAE, and the number of firms that belong to each category of technological intensity. Appendix 2.2 gives the name (at a 3-digit level) of the sectors included in each of the technological categories, and the number of firms in each category.
The group of high technological intensity is formed by the industry of capital goods, electrical equipment and aircraft. It contains sectors which are crucial for the diffusion of technology and the speeding up of the innovation process (Dosi, 1990; Nelson, 2006) . In Brazil the oil sector is technologically more dynamic than in other Latin American countries, investing approximately 1% of its sales in R&D, according to PIA data. Deep-sea reserves have required Petrobras, the big state petroleum firm of Brazil, to heavily invest in engineering in order to develop more sophisticated methods of oil drilling. For each of these categories, in turn, was estimated the optimal number of labour productivity groups using the k-mean cluster methodology. Three technological categories (low-, medium-low and medium technology) were separated into five productivity groups; the high-technology category, on the other hand, comprised four productivity strata, being more homogeneous than the other categories in terms of productivity.
As can be seen in Figure 3 , the results clearly indicate the existence of strong asymmetries in productivity between different technological sectors (sector matters for productivity). Asymmetries can be observed as well within sectors, i.e. between firms that belong to the same sector.
Figure 3 -Productivity groups in sectors with different technological intensity-2008
Source: Prepared on the basis of PINTEC and PIA data.
The technological intensity of the sector is related to the rates of growth of each sector.
The category of medium technological intensity achieved the highest rate of growth (30% in the period), followed by the category of high-technological intensity (26%). Categories which are less dynamic form a technological point of view attained significantly lower rates of growth (18% for medium-low technological intensity and 13% for low technological intensity). Table 4 summarizes the results obtained from the ordered probit model with different categories of technological intensity. Such results confirm the findings of the previous section. Scale effects-approached by the firm's share of the total sector revenuepositively influence the probability of belonging to groups with higher productivity. For firms within the group of low technological intensity the effect is larger, and diminishes as we move towards sectors with higher technological intensity. This result validates the Schumpeterian argument which sees a circular causation between size, technological change and differences in the firms' performance (productivity, profit rate) (Dosi, 1990 ).
On the other hand, the number of employees as a proxy for economies of scale renders ambiguous results. 
Conclusions and policy implications
This paper discussed trends in productivity and structural heterogeneity (SH) in the Brazilian manufacturing industry in the 2000s. It combined and made compatible several databases on the Brazilian manufacturing industry, innovation and micro-social data in order to build a large panel used to analyze the determinants of the evolution of productivity growth and SH. The analysis was framed within the structuralistevolutionary theory of innovation, diffusion and technological learning. SH is important for development theory not only because it affects growth and competitiveness, but also because it boosts income inequality, which is extremely high in the case of Latin America.
The k-cluster means methodology suggests that the Brazilian firms can be optimally separated into five groups in terms of labour productivity. SH is defined as a situation in which a large share of total firms is in the lowest productivity group, and there are very large differences in labour productivity between groups and firms. The analysis confirmed that this was the case in Brazilian manufacturing, and that the distribution of productivity was not significantly altered through time-indeed, differences between firms tended to increase in the period, not to fall. SH is a persistent feature of the Brazilian manufacturing sector.
The forces that give rise to SH are those identified by the Schumpeterian literature as the drivers of polarization-divergent forces that concentrate innovation and learning in a few firms and sectors, while the laggards have to exit the industry-, as opposed to technological diffusion and catching up in the industrial structure-convergent forces that allow laggard firms to learn from, adapt and improve on the best practice. Increasing returns may, in principle, be counteracted by public policies that enhance the diffusion of technology. The evidence from Brazil suggests, however, that cumulativeness in innovation and learning tended to prevail over policies. From one hand, public support did encourage productivity growth, but favoured all firms, independently of the productivity group to which they belong. They therefore did not have a bias in favour of diffusion as compared to selection. On the other hand, public finance seems to have played a negative role in the migration of firms from the lowest productivity group towards those groups with higher labour productivity.
These results do not imply that there is no role for public policy in reducing SH. Policies may be aimed, for instance, at raising the level of education and training of workers and the number of innovative employees in the low productivity groups. These variables proved to be effective in helping the migration of firms towards groups with higher productivity. In addition, more focalized public policies (specifically directed at smaller firms or at speeding up diffusion) may produce a bias in favour of catching up (as opposed to selection), thereby curbing market concentration and the skewness in productivity. Last but not least, the sector matters for productivity growth. A form of reducing asymmetries may be fostering industrial diversification towards more dynamic sectors. A policy of diversification would open new trajectories of learning which would be more efficient in diffusing technology than trying to encourage innovation in firms located in sectors whose technological opportunities are very low.
The cluster k-means methodology
Formally, given a set of n firms in the real d-dimensional space (R d ) and an integer k, the k-means method is a non-hierarchical technique which defines k set of points that belongs to R d which minimizes the mean square distance of each point to the centroid (mean) of the group. The method consists of, firstly, separating the elements (firms) into k clusters or initial groups. Secondly, each component (firm) is allocated to the group whose centroid is the nearest. Thirdly, it is recalculated the centroid of the group that received a new element, and that of the conglomerate that lost this same element. The second step and third steps of the procedure are repeated until an optimum arrangement is achievedoptimum in the sense that no rearrangement of its components is feasible without increasing the distance of the elements with respect to the centroid.
In non-hierarchical procedures, it is necessary to specify at the beginning the number of groups to be formed, and then choose the optimal number following a certain criterion.
To select the most appropriate number of groups (k) in the k-means technique, Calinski and Harabasz (1974) propose an index, called index CH, defined as follows:
in which n is the number of points and k is the number of groups. The matrix W is given by:
W is the sum of squares of the distances of the points from the centre of the group to which each point belongs, ij X is the jth point of group i, i X is the centroid of the group (mean of points to the centre of the group), and i n is the number of points in the group i.
The matrix B of equation (5) T is the sum of the squares of the differences of each point of the entire database and the centre of the entire base, represented by X . B is the difference between T and the product of W (defined in (6)) times the sum of squares of the distance between the centre of the entire base and the centre of each group. To obtain the optimal number of groups in the total sample, the CH index is estimated for different values of k, and subsequently the k with the greatest CH value is chosen. 
Appendix 2
Definition and measurement of the variables
